The morphological design of kinematically redundant robotic manipulators is a non-trivial, task-specific process. The availability of redundant degrees of freedom (DOF) affords a redundant manipulator an infinite number of motion solutions for a given task, thereby allowing the achievement secondary manipulation goals. Motion control methods play an integral role in the quality of redundancy resolution, but the degree of resolution attainable by these methods is ultimately determined by morphological design. In this study, a weighted isotropy measure is developed for use in optimizing kinematically redundant manipulator design quality. This measure is designed to quantify manipulator performance on multiple secondary motion goals. The measure is employed as a morphological fitness metric for a constrained non-linear morphology optimization problem. Optimization results show that using the weighted isotropy measure significantly increased the performance levels of a kinematically redundant manipulator, with respect to secondary manipulation goals, for the intended set of tasks.
Introduction
The design and employment of kinematically redundant robotic manipulators have become an increasingly important and popular research focus as the manufacturing and freight industries endeavour to develop more versatile, energy-efficient, and productive packaging and distribution methods. Redundant manipulators can perform more complex and a much greater variety of tasks than their non-redundant counterparts, but this increased versatility demands that manipulators be carefully designed to achieve the performance levels required for their intended tasks. The optimization of redundant manipulators to improve design fitness has been studied at great length, but much of the previous work has focused on the consideration of primary manipulation goals such as motion isotropy and dynamic manipulability. More recent research efforts (Hammond and Shimada, 2009 ) have incorporated single secondary manipulation goals, such as obstacle avoidance, into the formulation of design fitness metric. Few, however, have sought to address multiple secondary goals, including torque minimization, which are critical to the efficiency and versatility of a manipulator and are the primary motivations behind developing redundant manipulators for industrial use.
The aim of this paper is to investigate the incorporation of both dynamic torque limitations and obstacle avoidance into the calculation of kinematic isotropy. We will use a weighted isotropy measure as a fitness metric for redundant manipulators performing tasks which require high torque as well as high kinematic flexibility. We will employ this metric as a multi-objective function for a morphological design optimization problem involving a highly-dextrous, kinematically redundant service manipulator operating in an obstacle-laden environment. The effectiveness of the torque-weighted isotropy in design optimization will be demonstrated by decreasing peak manipulation torques, maintaining adequate global kinematic isotropy, and ensuring collision-free motion for complex, heavy-duty industrial tasks.
Previous work on quantifying manipulator performance
Kinematically redundant robotic manipulators, those which have more degrees-offreedom (DOF) than necessary to perform their intended tasks, have been a topic of great interest in both academic and industry research over the past three decades. Unlike the non-redundant manipulators typically used in manufacturing and service industries, redundant manipulators can be programmed to achieve secondary manipulation goals which add to the accuracy, efficiency, and flexibility of motion path tracing, the primary manipulation goal. The capacity to support secondary goals makes redundant manipulators amenable to a wide, complex variety of tasks and gives them a decided performance advantage over their standard non-redundant counterparts.
In order to meet the performance demands placed on redundant manipulators by secondary manipulation goals, the kinematic redundancy must be resolved or distributed properly across the manipulator's kinematic chain. Redundancy resolution is normally achieved by one of two main approaches: motion control and morphological design. Motion control, the more readily applicable and better-understood of the approaches, was studied for decades in anticipation of the advancements in computing and actuation technology which have only recently allowed the physical realization of redundant manipulation systems. Motion control-based redundancy resolution was proven very useful in addressing secondary performance goals such as singularity avoidance and manipulability optimization (Nakamura, 1987) , collision avoidance (Maciejewski, 1985) , and joint torque optimization (Nedungadi, 1989 and Hollerbach, 1987) .
As the computing and construction technologies necessary to build sophisticated, robust redundant manipulators emerged, research on kinematic redundancy shifted from motion control to intelligent morphological design. The shift in focus was due in large part to the fact that manipulator performance, despite the advanced stage research in motion control, was still heavily dependent upon morphological parameters such as the number, shapes, and dimension of the links comprising the manipulator linkage, and kinetic properties such as maximum joint torque and link mass which effect dynamic performance characteristics. Several metrics have been devised to quantify the dexterity of manipulators. Most of these metrics are based on the manipulator Jacobian matrix J(θ) (Spong et al., 2005) , which for an n-DOF serial manipulator maps an nx1 joint rate vector θ to a 6x1 Cartesian end-effector velocity vector x, shown in equation (1). Here, z i is the motion axis of the ith joint, and o i is the distance of the origin of the ith joint to the tip of the end-effector, or its operating point.
One of the first proposed Jacobian-based manipulator performance metrics was the scalar manipulability index µ, devised by . This index, defined here,
quantifies local dexterity for both redundant and non-redundant serial manipulators as a function of an instantaneous joint angle set θ. This index has great utility when measuring kinematic performance relative to a particular manipulator morphology. When considering multiple design solutions, however, the scalar manipulability index suffers from scale, order, and dimensional homogeneity dependencies that prevent an accurate comparison of performance between two or more disparate, competing morphologies. Several other dexterity metrics are designed to eliminate these dependencies from Jacobian-based performance measurement. Klein and Blaho (1987) developed the matrix condition number, defined as the ratio between the largest and smallest eigenvalues of the Jacobian, to produce a dimensionless comparison of the largest and smallest instantaneous joint transmission. Gosselin and Angeles (1991) eliminated dimension heterogeneity from the manipulator Jacobian by mapping end-effector angular velocity to the linear velocity of a set of points located on the effector. Tandirci et al. (1992) , Stocco et al. (1998) , and Khan and Angeles (2006) normalize the Jacobian and eliminate heterogeneity, due in part to the simultaneous use of linear and rotary actuators, by factoring the "characteristic length" out of the manipulator Jacobian. Kim and Khosla (1991) defined a measure of dexterity called the measure of isotropy, shown here, which factors both scale and order dependency from the Jacobian using the arithmetic eigenvalue mean Ψ, and order-independent manipulability M, called the geometric mean.
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All of the aforementioned kinematic dexterity metrics are local measures of performance which are dependent upon the current operating point and manipulator posture, given by joint angle set θ. To be effective in morphology optimization, these metrics must be expanded to reflect global performance. Most of the global metrics proposed to date are based on averages or aggregates of local performance calculations, which tend to mask the worst local performance results that lead to catastrophic manipulation failures at intermediate points along a motion trajectory. The Global Isotropy Index (GII), proposed by Stocco et al. (1998) , provides a more comprehensive assessment of manipulator performance by taking the ratio of the smallest and largest singular values, σ min and σ max of the manipulator Jacobian matrix over the entire workspace, equation (4).
In this study, we modify the Global Isotropy Index to account for the achievement of secondary manipulation goals, and use this weighted isotropy measure as the basis of a cost function for optimizing the morphological design of a kinematically redundant service manipulator.
Development of weighted isotropy measures
The secondary goals we intended to account for by developing weighted isotropy are collision avoidance and peak torque minimization. Collision avoidance is of obvious importance in manipulation as undesired contact with the environment can compromise the execution of the intended task and, furthermore, lead to the damage of manipulators, workspace equipment, and any human bystanders. Peak torque minimization is useful primarily for keeping actuation torques within safety limits, but it also indirectly tends to lower overall energy consumption and promote smooth motion trajectories.
Obstacle avoidance-weighted Isotropy
Modification of the GII to account for the motion limits imposed by workspace obstacles is accomplished by scaling the manipulator Jacobian with an n-x-n diagonal weighting matrix W defined here
This matrix is designed to decrease the transmission rate of joint space velocities to task velocities if joint motion is causing movement toward undesired contact with the environment, effectively reshaping the manipulability ellipsoid to account for physical motion impediments. Each element w i in matrix W, defined here
is a sigmoid function of instantaneous kinematic joint velocity θ i , due to trajectory tracing goals, and an collision avoidance joint velocity ξ i , defined later, where the subscript i denotes the joint number. Variable α, defined here,
is a proximity factor that decreases from 1 to 0 as minimum obstacle distance falls below a critical value. Variable β is a value between 0 and 1 that determines the maximum joint transmission penalty incurred for motion impedances. Higher β values increase the percentage of the joint transmission ratio penalized in the presence of obstacles.
The weights w i in matrix W are proportional to the sum of the kinematic joint velocity θ i and the obstacle avoidance velocity ξ i , henceforth called aggregate joint velocity, with unity weight occurring when that sum is equal to the kinematic velocity, shown in Fig. 1 . This property ensures that the transmission rate for a joint i is only decreased if the influence of collision avoidance on joint motion opposes the natural self-motion of the joint, in which case the aggregate joint velocity would be less than the joint velocity computed by inverse kinematics alone. If collision avoidance causes joint motion in the same direction as the natural self-motion, the aggregate joint velocity is greater than the self-motion joint velocity and no penalty is incurred.
Figure 1
A plot of the joint transmission weighting function with respect to aggregate joint velocity and minimum obstacle proximity
To create the collision avoidance-weighted global isotropy index (AWGII), we take the square root of the minimum and maximum singular values of the weighted Jacobian product, equation (8), which is equivalent to taking the singular values of the Jacobian itself. When the weight matrix is an identity matrix, which is the case when no collision avoidance-related motion penalties are incurred, this ratio is identical to the one obtained using the GII equation (4).
The ratio of this value is guaranteed to range between 0 and 1, with 1 in this case representing perfect kinematic isotropy in the presence of motion impediments. The collision avoidance joint velocities (Maciejewski and Klein, 1985) used in forming the weight matrix are calculated by mapping Cartesian collision avoidance vectors, which are normal to the surface of a motion impediment and point away from collision, onto the joint-space using the projection operator in the generalized solution to equation (9). This method can expanded to include multiple obstacles in equation (10), where J e is the endeffector Jacobian, J oi is the obstacle point Jacobian for the ith obstacle, x oi is the taskspace avoidance velocity, and α ηi and α oi are the gain term and the avoidance velocity magnitude the ith obstacle, respectively.
( )
oi e e i η α α
Figure 2 The light-colored manipulability ellipsoid surrounding the end-effector represents standard motion isotropy, while the darker ellipsoid represents collision avoidanceweighted isotropy. As the manipulator proximity to the spherical obstacle increases, the weighted isotropy decreases relative the standard isotropy. Figure 2 illustrates the reshaping effect that the collision-avoidance weighting matrix has on kinematic isotropy for a 9DOF manipulator as it approaches a collision with a large spherical obstacle. Kinematic isotropy is visualized using the kinematic manipulability ellipsoid , which itself is derived from the manipulator Jacobian matrix J. Figure 3 shows the drop in weighted isotropy that occurs as the manipulator's proximity to the obstacle increases. Here, the value of ∆*, an avoidance weighted version of the local isotropy index, is much lower than that of standard isotropy ∆, symbolizing the loss of dexterity that occurs when the normal kinematic motion is inhibited by the threat of collision. Because it does not consider secondary manipulation goals, the standard isotropy measure falsely indicates relatively high levels of dexterity for the undesired, motion-inhibiting posture.
Figure 3
This figure illustrates the difference between the standard isotropy measure ∆ and the collision avoidance-weighted isotropy measure ∆* as the manipulator follows a trajectory over the top of a spherical object (see online version for colours)
Note: Standard isotropy changes only with respect to kinematic configuration, while weighted isotropy is sensitive to obstacle proximity.
Torque-weighted isotropy
Modification of the GII to account for joint torque limits is a done using a technique similar to that used for collision avoidance, only now an n x n diagonal torque-weighting matrix T, defined in equation (11), serves as the penalty factor.
Matrix T is designed to decrease the transmission of joint velocities to task space velocities if manipulator self-motion results in excessive actuator torque. Each element t i in matrix T, defined here is a non-linear function of the instantaneous joint torque τ i and maximum torque rating τ max .
Variable λ is an arbitrary scalar value between 0 and 1 and determines the maximum joint transmission penalty incurred when joint torque τ i approaches τ max , while η determines the rate of penalty increase, or the function's curvature. The weights t i in matrix T are exponentially proportional to the distance of joint torque τ i from maximum joint torque τ max , also called the torque clearance. This relationship penalizes all motions that require torques near or beyond safety limits, and, by extension, penalizes all manipulator morphologies or placements which lead to these motions. Figure 4 illustrates the behavior of the penalty function with respect to percentage of maximum torque rating.
Figure 4
A plot of the joint transmission weighting function with respect to the percentage of the maximum torque rating. Here, variable η is set to 1.
To calculate the torque-weighted global isotropy index (TWGII), we again take the square root of the minimum and maximum singular values of the weighted Jacobian product, shown in equation (13). When the torque-weighted matrix is an identity matrix, which is the case when no torque-related motion penalties are incurred, this ratio is identical to the one obtained using the GII equation (4).
The joint torques used in the formulation of the torque-weighting matrix T are calculated with the recursive Newton-Euler method (Featherstone and Orin, 2000) , which uses a computationally-efficient algorithm to estimate the dynamics of rigid body motion. This robust, numerical method of solving dynamics equations is typically a more efficient and practical way of treating redundant manipulation systems than are analytical, Lagrangian methods. The fundamental equation of the Newton-Euler method, shown here consists of an inertia matrix H, a Coriolis-centrifugal force vector C, and gravitational and external force vectors g and F. Both H and C are functions of joint position and velocity, and play important roles in the calculation of energy consumption and in motion control methods that minimize local torque requirements.
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Figure 5 The large manipulability ellipsoid surrounding the end-effector represents standard motion isotropy (see online version for colours)
Note: The smaller ellipsoid represents torque-weighted isotropy, which collapses in the direction of loading. Figure 5 illustrates the effect that the torque-weighting matrix has on kinematic isotropy of a manipulator. An external load F EXT is applied at the end-effector of a 9DOF redundant manipulator, and this load is increased in magnitude until the joint torque required to maintain the manipulator posture approaches maximum levels, as shown in Figure 6 . Standard kinematic isotropy, again visualized using the manipulability ellipsoid, gives no indication that kinematic flexibility in the direction of the applied force will be reduced due to F EXT . In fact, kinematic isotropy falsely indicates relatively high levels of dexterity for this excessive loading condition. The manipulability ellipsoid generated by the torque-weighted Jacobian, however, clearly indicates a reduction in manipulability, particularly in the direction of the applied external force.
Multi-objective isotropy weighting
In this study, manipulator design fitness is a function of both collision avoidance capability and innate peak torque minimization. The aforementioned isotropy weighting techniques are sufficient to address either one of these two design optimization goals individually, but when considering both goals simultaneously the weighing functions must be combined in a way the preserves their functionality. By taking the product of the collision-avoidance weighting matrix W and torque-weighting matrix T to get multiobjective weighting matrix M (15), we ensure that motion impediments due to collision avoidance or torque limitation alone, one in the absence of the other, will have the same degree influence on design fitness as either W or T would, respectively. This product also ensures that motion impediments due to a combination of collision avoidance and torque minimization can be projected onto the manipulability without compromising the 0 to 1 penalty ranges.
Each element m i in multi-objective weighting matrix M is the product of elements t i and w i from weighting matrices T and W, respectively. Following the formulation used to weight the GII in the previous sections, we create the multi-objective global isotropy index (MWGII) as shown in equation (16).
Figure 6
This figure illustrates the decrease in the torque-weighted isotropy ∆*, a local version of TWGII derived from equation (3) , with respect to joint torque as F EXT is increased and joint torques approach their maximum rating.
Optimization of a 11DOF truck-loading manipulator
The efficacy of the multi-objective weighted isotropy measure as a means of design fitness measurement is demonstrated here through the design optimization an 11DOF truck-loading manipulator, shown in Figure 7 , which is comprised of a 2DOF mobile base and a 9DOF linkage. The loading manipulator is required to handle an assortment of packages, ranging in dimensions and mass, and to organize them in a small delivery truck without incidence of collision, which could cause collateral damage to the manipulator or the environment, and with mechanical power sufficient to complete loading tasks without imparting excessive stress on the its actuators. The number of motion impediments inherent in the truck cargo space, the payload of the packages being handled, and the size of the workspace that must be spanned constitute a multi-objective workspace on which a multi-objective manipulator must be employed. A suitably-designed loading manipulator must possess enough mechanical leverage and power to lift the heaviest of packages, enough kinematic dexterity to access packages at any location within the truck, and geometric flexibility sufficient to negotiate stacks of packages which serve as motion impediments throughout truck loading and unloading processes. Due to the nature of both the workspace and the manipulator whose design must be optimized for it, this case was deemed suitable for validation of the proposed MWGII.
Figure 7
The major physical dimensions of the 9DOF linkage and the locations of the revolute joints comprising the initial morphology, created using the authors' MATLAB-based manipulation simulator.
Definition of morphological design optimality
The optimality of a manipulator design is specific to the context of its application and its performance demands. In instances where manipulator design optimization involves dynamic goals such as maximum speed or minimum torque, a designer may adjust parameters such as joint torque ratings, total mass and centers of mass for the linkage to achieve those goals. For other cases, where minimizing energy and space consumption take highest design priority, using smaller form factors or less material at the expense of mechanical strength and range of motion may be prudent. In this optimization study, we define optimality as a condition in which the chosen morphology has the morphological structure adequate for employment on a high-payload, obstacle-laden manipulation task. We seek a well-shaped manipulator whose architecture, which includes pre-defined actuator types, provides the mechanical advantage, motion smoothness, and kinematic dexterity to perform all required package-handling tasks without undesired collisions.
Candidate manipulator morphology and workspace definition
The Denavit-Hartenberg (DH) transformations describing the kinematic structure of the initial candidate manipulator's 9DOF linkage and the maximum joint torque ratings describing the load-bearing capacity of its actuators are shown in Table 1 . The manipulator linkage is comprised of revolute joints and rigid-body links, creating a linear relationship between link dimensions and joint transmission rates via the manipulator Jacobian. This dimension-performance relationship makes this morphology a suitable candidate for multi-objective design optimization. The initial loading manipulator is designed such that, even with base mobility, the maximum reach of the manipulator in insufficient to access all packages in the workspace, as shown as Figure 8 . The design optimization process will therefore involve not only optimizing link dimensions to achieve collision avoidance and torque minimization goals, but will also involve the correction of a very basic and significant morphological deficiency. The increase in link length necessitated by the poor initial design will serve to counter the decreases in link length needed to increase mechanical advantage, making design optimization a more difficult undertaking.
Figure 8
This figure illustrates the morphology deficiency inherent in the initial loading manipulator morphology (see online version for colours)
Note: The maximum reach of the initial manipulator design is insufficient to retrieve the package at the back of the cargo space.
Table 1
Denavit-Hartenberg parameters and torque rating for the 9-DOF manipulator linkage
The workspace for this experiment is bounded by the walls of the package delivery truck, the dimensions of which are shown in Figure 9 . The 9DOF loading manipulator linkage is mounted on a 2DOF mobile base which provides 400mm of prismatic motion along the width of the truck and 600mm of motion along the length of the truck. This 2DOF base is mounted to the ceiling of the cargo space such that its center is positioned midway along the width of the truck and located 1200 meters inside the truck opening.
Figure 9
A rendering of the truck cargo space and the position of the loading manipulator, with arbitrarily placed packages.
Note: The manipulator morphology will be optimized to handle the placement of the packages within this workspace. 
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Task Definition
The loading manipulator was optimized over a task involving the retrieval and placement of three packages within the delivery truck. These packages had a mass of 50 kilograms, which we define as the maximum expected value. The manipulator was required to retrieve the three packages from retrieval areas deep with the cargo space of the truck and to place them at three designated placement positions, all shown in Figure 10 . The cycle time for package retrieval and placement operations was to take exactly 5.0 seconds, and the motion trajectories used to manipulate the packages were predetermined. 
Optimization Process
The optimization of the original loading manipulator morphology focused only on the 9DOF linkage and involved three steps:
1 defining a discrete parameter space over which the optimization search was conducted 2 simulating a subset of all morphology perturbations possible within the discrete parameter space 3 ranking each morphology according to the MWGII.
The morphological design parameters and ranges used for this optimization study are listed in Table 2 . For each combination of parameters, a simulation was performed during which the manipulator specified by those parameters completed the intended task.
During task simulations, joint actuator torques were minimized locally using inertiamatrix based control methods (Ma, 1995) . A damped least squares pseudoinverse formulation was used to solve for inverse kinematics and trace the task trajectory while avoiding singularity configurations (Wampler, 1986) . Joint limitations were enforced using a motion penalty function (Chan and Dubey, 1995) to ensure that all solution postures were mechanically feasible. Several performance metrics, including individual joint torque, global isotropy, and, the focus of this study, MGWII, were recorded during each simulation. The overall fitness of a morphology for the given manipulation task was determined from these metrics. The objective function to be maximized was the MWGII. Table 2 Morphology optimization parameters and ranges.
Note: Over 100 billion different morphological designs exist in this discrete parameter set.
Due to the immensity of the morphological parameter space, a constrained nonlinear search was employed for design optimization instead of an exhaustive search. The search was conducted using finite-difference forward derivatives to solve for the objective function gradient, and the stopping criteria were set to a function tolerance of 10 -15 and a maximum iteration count of 1000. To increase the likelihood that the optimized morphology was a global optimum rather than a local optimum, multiple seed points were used for the search. Seed points were created by initiating each optimization parameter at both of two values: 25% value of its total range and 75% value of its range. The set of all combinations of these values yielded 64 distinct seed points.
Results
The constrained nonlinear search of the loading manipulator design parameter space converged to a maximum-MWGII fitness design solution, shown in Figure 11 , after 811 iterations. Table 3 lists the new dimensions of the manipulators links which, when combined, yield a net increase of 295mm in manipulator maximum reach. This increased reach afforded the manipulator access to the packages near the back of the cargo space which were previously unreachable. Figures 12 and 13 depict the optimized morphology retrieving and placing a package with dexterous configurations and without incidence of collision, which satisfies two of the three manipulation performance goals for which for manipulator design was optimized.
DH Parameter Lower Limit
Step Size Table 3 The morphological design parameters of the optimized loading manipulator morphology as compared to the original.
Table 4
The performance measures of the optimized loading manipulator morphology as compared to other design variants.
Note: The initial loading manipulator morphology lacked the length sufficient to complete the placement tasks.
Figure 11
The MWGII-optimized 11 DOF loading manipulator morphology and changes in its linkage dimensions. Figure 12 The MWGII-optimized loading manipulator morphology reaching the second of the three designated placement areas and lifting the 50kg package from that location (see online version for colours)
Figure 13
The MWGII-optimized loading manipulator circumventing one of the packages to place the 50kg box in the first designated package placement area.
To elucidate the importance of the MWGII on the optimization of the multi-objective manipulator design, the MWGII-optimized manipulator's performance measures are compared to those of a TWGII-optimized manipulator, an AWGII-optimized manipulator, and a GII-optimized manipulator in Table 4 . All of the manipulators were simulated using the same task/workspace definitions and simulation conditions. It should first be noted that the MWGII, TWGII, AWGII, and GII-optimized manipulators all have the highest performance value with respect to their own optimization metric (shown in bold). It should also be noted that the total energy consumption for the packing handling task has its lowest of 68.65 kJ for the TWGIIoptimized manipulator, which follows the purpose of the TWGII in limiting torque and increasing mechanical advantage, and that the average distance to the nearest obstacle is greatest for the AWGII-optimized manipulator optimized manipulator, following the purpose of the AWGII in minimizing collision threat. The MWGII-optimized manipulator has neither the greatest average obstacle distance nor the lowest energy consumption, but achieves performance in both measures comparable to the best performance. Its energy consumption is only 5.5% greater than for the TWGII-optimized manipulator, as opposed to greater 29.3% consumption for the AWGII case. The MWGII-optimized manipulator's average minimum obstacle distance is only 8% less than that for the AWGII case, while the TWGII case has a 46.8% smaller distance than the AWGII case. The MWGII manipulator did have the lowest GII all of manipulators, but all non-GII manipulators were very close in GII value, with a variance of 7.3x10 -6
.
Discussion
The aforementioned results are evidence of the MWGII's ability to effectively capture both collision avoidance and torque limitation for the purpose of kinematically redundant manipulator design optimization. Optimization of the 11DOF truck loading manipulator using MWGII as the primary design fitness metric satisfied the primary manipulation goals of reachability and dexterity without significant performance sacrifices on either of those secondary manipulation goals.
The MGWII was effective in correcting the initial morphological deficiency that prevented the loading manipulator from reaching all of the packages that it was required to locate. This was possible due to the fact that the original morphology assumed a completely outstretched configuration as it reached for inaccessible packages, which resulted in a GII score 5 orders of magnitude lower than for the worst-performing manipulator that could complete the task. In this vein, the MWGII is not the only metric that can facilitate this correction as any of the other GII-based metrics discussed here, as well the manipulability measure µ and basic distance-to-target calculations, can promote the same corrective design changes. Still, the MWGII can be included in this group.
Where MWGII improves upon other design metrics, including the TWGII and AWGII, is by balancing both the primary and secondary design goals without completely marginalizing any of them. The optimization of the 11DOF loading manipulator by any other metric discussed in this paper would result in such a marginalization, leading to performance deficiency on one or more objectives. The TWGII is designed limit applied torque but does not inherently promote collision avoidance. Thus, despite the implementation of any collision avoidance algorithms to facilitate safe motion on a particular task, the likelihood of collisions due to changes in the task space or due to actuator malfunction is greater than with the MWGII, which always seeks to decrease obstacle proximity and prevent collision-causing motions. The AWGII promotes collision avoidance but does so without regard to actuation constraints and energy conservation, such that configurations with poor mechanical advantage and, by extension, high torque requirements are readily assumed. Small changes in the manipulator payload or frequent occurrence of such configurations can lead to actuator damage and would reduce to flexibility of motion on similar task.
The MWGII-optimized manipulator, according to the results in Section 5, exhibited energy consumption levels and mean obstacle distances comparable to those achieved using metrics specifically designed to improve those characteristics. While MWGII does not deterministically maximize either of these measures, it heuristically forces a greater safety margin on manipulator actuation constraints and workspace collisions. This property not only lends itself to improved multi-objective performance on the task used for optimization, but also makes it more likely that perturbations of the workspace and manipulation task are still tractable with, if not well-suited to, the optimized design.
The results of this case study, though they validate the conceptual foundations and efficacy of the proposed MWGII, are not without potential issues. One potential issue is the inability to prioritize or weight the importance of the secondary goals. Some design situations may favour torque limitation over collision avoidance, or vice versa. The current formulation of the MWGII gives equal import to both objectives, affecting kinematic isotropy with respect only to constraint proximity. This issue can be solved in part be increasing the sensitivity of the preferred penalty function that, thus making giving it greater influence over the MWGII value.
Another concern is the inherent lack of motion transmission in isotropy-based metrics. Though isotropy is generally considered an effective indicator of dexterity and is useful for comparing manipulators of different morphology, a manipulator can have a high isotropy value, or a near-spherical manipulability ellipsoid, whether it has very poor or very good motion capacity in all directions. The volume of the ellipsoid cannot be determined from isotropy alone. One solution to this problem is to monitor manipulability while measuring isotropy. If several morphologies of comparable kinematic isotropy are to be compared, the manipulability measure µ can be added to increase design fitness contrast. Another solution is to devise a metric that represents multi-objective motion resistance, similar to the way that MWGII does. Instead of quantifying kinematic isotropy in terms of the Jacobian and self-motion, the metric could quantify motion resistance ellipsoid in a fashion similar to manipulability measure µ, by projecting motion resistance vectors onto the Cartesian taskspace, thus a creating a "motion resistance ellipsoid". By reducing the volume of the ellipsoid, one could assert that overall resistance to motion for a particular manipulator is also reduced, thereby improving its performance and design.
Conclusion
The multi-objective weighted global isotropy index (MWGII) has proven to be an effective tool for evaluating the fitness of manipulators designed for obstacle-laden, mechanically demanding manipulation tasks. This new performance index improves upon standard fitness metrics by factoring important dynamic performance and collision avoidance capability into the calculation of kinematic motion isotropy. While it is not a direct calculation of dynamic performance or collision avoidance, the MWGII enables manipulator designers to factor mechanical advantage, motion safety, and motion flexibility into the design process through the use of one comprehensive measure.
The key advantage of using MWGII as a basis for optimization is that it leads to manipulator designs which cater to both kinematic and dynamic manipulation demands.
The main caveat of the MWGII is that, because of its multi-objective nature, it cannot guarantee either that torque levels and energy consumption are globally minimized, or that kinematic isotropy is maximized. In fact, it seems to guarantee, through its sensitivity to those two opposing performance modalities, that neither dynamic nor kinematic performance will be optimal. The MWGII heuristically balances measures of the two secondary manipulation goals to ensure that dynamic manipulator limits and collision avoidance are not sacrificed in the interest of motion smoothness or speed that comes with high kinematic isotropy.
Future research endeavours will be made to investigate the incorporation of motion path planning algorithms to increase the quality of manipulator motions and, by extension, the quality of the work-cell comprised of them. Further studies will also be conducted to investigate the treatment of cases where both manipulator placement parameters and actuator types are optimization parameters. Also, efforts will be made to address concerns with secondary goal weighting and with assessing the fitness of manipulators with similar isotropy but disparate manipulability.
